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Biostatistical Analysis of the
Micronucleus Mutagenicity Assay
Based on the Assumption of a Mixing
Distribution
by Ludwig Hothorn
Thein vivomicronucleusassay canbeanalyzedbycomparingthenumberofmicronuclei (MN)ofseveraldose groups
withthoseofacontrol group. Inseveral publications, difficulties aroseinestiatingsuitable distributionfor MN, even
intheuntreatedhistoricalcontrol groups. Mitchell etal. describedthe presenceofasubpopulation ofmoresusceptible
responders. Based on this assumption of such a subpopulation, score tests were used for the mixing distribution of
respondersandnonresponders (behaviorsameasinuntreatedcontrolanimals)withinthedosegroups. The powerbehavior
ofthesetests wascharacterizedwith asimulationstudy. Theadvantageofscoretests canbeshown, eveninthepractical
and important guideline caseofonly five animals per group.
Introduction
The statistical analysis ofthe ifl vivo micronucleus assay is
based on significance tests for the differences between the
numbersofmicronucleated polychromatic erythrocytes (MN) in
the control group and several dose groups. In several publica-
tions, difficulties arosein estimating asuitabledistributionofthe
MN, evenfortheuntreated caseofhistoricalcontrol groups: a)
Amphelett and Delow (1)described thevalidity ofthe Poisson
distribution, b)HartandEngberg-Petersen (2)found agoodap-
proximation tothebinomial distribution, c) Mitchell etal. (3)
reported a negative binomial distribution, d) Mackey and
MacGregor (4) established an extra-binomial variation under
treatment with clastogenic agents, e) Salsburg and Holden (5)
detailed problems in choosing a suitable distribution for
historical control data.
Mitchell et al. (3) discussed the presence ofoutliers in MN
dataintermsofapossibleexistenceofasubpopulationofmore
susceptibleresponders. Withthismodel, AshbyandMirkova(6)
explainedthevariationintheMNdata. Atheoreticalbackground
can be derived from the genetically based polymorphism in
mammalian P-450 xenobiotic metabolizing enzymes (7).
Anotherexplanation isbased onheritable strain differences in
MNinducedbypolycyclic aromatichydrocarbons(8). Inaddi-
tion, nonresponders mayarisedue toimproperadministration
ofthe testsubstancein asingleanimal. This casewill,however,
notbeconsideredhere. Mitchelletal. (3)focusedon anoutlier
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analysisofhistoricalcontroldatainrelationtoconcurrentcontrol
data and elimination of outliers with traditional statistical
methods.
Due to the unclear distribution behavior of the outcome
variable, ranktestswerecommonlyusedinseveralpapers. For
example, Leimer et al. (9) described the application of the
Fisher-Pitmanpermutationtestonmicronucleusassaydata. On
theotherhand, MacGregoretal. (10)recommendedtheuseof
Armitage's (11)trend testassuming abinomialdistribution for
MNinrelationtotheglobalnumberofpolychromaticerythro-
cytes. Inthisrespect, rankorpermutation testsavoidthepooling
ofMNwithinthegroupsunderthebinomial samplingassump-
tionandconsidertheimportanceofanimal-to-animalvariation.
Forthisreason, specialtypesofranktests(so-calledscoretests),
assumingamixingdistributionforthenumberofrespondersand
nonresponders inthedosegroups, will beconsidered here.
Analysis Based on the Mixing
Distribution Assumption
Severalmethodsassumingamixingdistributioncanbeused
tosolvethetestproblem. Here, onlynonparametric scoretests
forthe Lehmann (12) alternative hypothesis will beused (for-
mulated as aone-sided, two-sampleproblem without limiting
generalization).
LetX, ... ,X,,betheMNresponsesofthecontrolgroupwith
thedistributionfunctionH(x),andlet Y1, . . .,Y,betheMNre-
sponsesofadosegroupwiththedistributionfunctionG(x). The
hypotheses can be formulated under the mixing distribution
assumptionofrespondersandnonrespondersinthedosegroupas:L HOTHORN
Ho: H(x) = G(x)
HA: H(z) < G(x) with G(x) = pH(x) + (1 -p)Fpvth0(X)
wherep is theproportionofnonresponders, (l-p) isthepropor-
tion ofresponders andp is assumed unknown.
Two types ofLehmann alternative will be considered here:
shift
* Fpatho(z) = G(x - 6)
according to Good (13) andpower
*eFp,,ti() = G"(:x)
according to Lehmann (12). Johnson et al. (14) suggested ap-
proximate score statistics for the shift alternativebased on the
following mixed normal score function:
sm(i) = exp(-d2/2)exp(d-§-(i/(m + n + 1))'
where d is aconstant (in the simulation study reported below,
d=0.5,1,1.5,2 were used; here, only the case d=1 will be
reported) and4) isthedistributionfunctionofthestandard nor-
mal distribution.
Conover and Salsburg (15) proposed the following approx-
imatescorefunctionforthepoweralternative, asageneralizaton
ofWilcoxon-Mann-Whitney (WMW) scores:
sc(i) = (i/(m + n + 1))G-1
whereiistherankinthecombined(x+y)sample, aisaninteger
constant(inthesimulationstudya=3,4,5,6wereused;here,only
thecasea=4willbereported. Intoxicology, testsbasedonthis
mixing distribution assumption have ben used for behavioral
studies(16),teratologicalstudies(17), sisterchromatidexchange
(I), and chronic studies (18).
Simulation Study
In a simulation study, twoquestions will be addressed: a) Is
theassumptionofsuchamixingdistributionasuitableapproach
for analyzing data from the micronucleus assay? b) Can we
observeanincreaseinpower(e.g., inrelationtothecommonly
usedWMWU-test), evenintheguidelinecaseconsideredhere
where njonly equals 5?
The empirical distribution shown in Table 1 [(3) which ap-
proximatesnegativebinomialdistribution] wasgeneratedforthe
control groupsusing aPCprogram. Plwerestimations(basedon
Table 1. Empirical distribution ofMN.
MN Probability ofMN/100 PCE
0 0.462
1 0.325
2 0.145
3 0.049
4 0.018
>4 0.001
Abbreviations: MN, micronuclei; PCE, polychromatic erythrocytes.
1000 replications) ofthe asymptotic two-sample test based on
mixednormalscores [sm(i)(d=l)], asymptotictwo-sampletest
basedongeneralized MWM-score[sc(i)(a=4)], andtheWMW
U-testwerecomparedforashiftalternative(meanshiftbetween
thecontrolanddosegroup)withshiftparametersof[1,2,3]; stan-
darddeviations: sc=1, SD=[1,2,3];a=[0.01, 0.05,0.10]; number
ofanimals,nj=[5,10] andproportionofnonresponders, p: [0,0.2,
0.4,0.6,0.8]. In Table 2, the powerestimations ofthe three tests
underinvestigationsaregivenfornj=5. Underthenullhypoth-
esis,thea-estimationsarequiteclosetothenominallevels,e.g.,
aO = 0.10WMW:& = 0.091; sm(i)a = 0.092; sc(i): & = 0.014.
Table2 showsthatthescoretestsgiveahigherpowerthanthe
WMWtestforamedium-sizeeffectbetweenthecontrolgroup
and the dosegroup (represented by a shift2) andthetypical a
level of0.05, even for only one nonresponder in five animals
(p=0.2). Thesepower differences are notrelevant for smaller
shiftparameters (e.g., 1). Thedifferencesarisewith alargera
level, so thatnj = 5 and a = 0.01, shouldbe avoided.
Thequestionthatarises iswhetherincreasing thenumberof
animals up to 10 will give clear advantages ofthe score tests.
Table 3 presents the related power estimations. For small and
mediumshiftparameters,theincreaseinpowerofthescoretests
ishigher in relation tothe small sample size situation.
The power behavior dependent on the proportion ofnonre-
sponderspisgiven inTable4. Table4presentsthedifferences
betweenthescoretestsandtheWMWtest. Theseareseentobe
negligible both in the direction of a small proportion of
nonresponders(unimodaldistributionofallanimalsexhibiting
a large reaction) and in the direction of a high proportion of
nonresponders (unimodal distribution ofanimals exhibiting a
small reaction; theestimationofp=0equal to& isnotgiven in
thistable). Advantagesofscoretestsareseenforproportionsof
p=O.2-0.8, whereby the dependence [based on the efficiency
1.
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FIGURE 1. Efficiency criteria(19) ontheproportionofnonresponders.
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lIble2. Powerofselectedscoretestsforn;=5 (sc=1).
Powerestimations
a=0.10 a=0.05 a=0.01
SD Shift p WMW Scoresc(i) Scoresm(t) WMW ScorescQ) ScoresmH) WMW Scoresc(i) Scoresm(i)
I I 0 0.67 0.59 0.61 0.51 0.45 0.47 0.28 0.22 0.23
1 1 0.2 0.51 0.48 0.49 0.34 0.33 0.33 0.15 0.12 0.12
1 1 0.4 0.34 0.37 0.37 0.22 0.22 0.21 0.07 0.06 0.06
1 1 0.6 0.25 0.26 0.26 0.14 0.14 0.14 0.05 0.04 0.04
1 1 0.8 0.16 0.18 0.18 0.09 0.09 0.09 0.03 0.02 0.02
2 1 0 0.75 0.77 0.75 0.63 0.57 0.63 0.35 0.30 0.30
2 1 0.2 0.59 0.59 0.69 0.42 0.41 0.40 0.17 0.15 0.13
2 1 0.4 0.40 0.45 0.44 0.26 0.25 0.26 0.08 0.07 0.07
2 1 0.6 0.27 0.30 0.30 0.15 0.16 0.15 0.05 0.04 0.04
2 1 0.8 0.17 0.19 0.19 0.10 0.09 0.09 0.03 0.02 0.02
3 1 0 0.81 0.78 0.82 0.67 0.63 0.68 0.37 0.33 0.31
3 1 0.2 0.61 0.62 0.65 0.44 0.43 0.46 0.19 0.16 0.15
3 1 0.4 0.41 0.47 0.49 0.26 0.27 0.27 0.08 0.07 0.07
3 1 0.6 0.27 0.31 0.31 0.16 0.16 0.16 0.05 0.04 0.02
3 1 0.8 0.17 0.19 0.19 0.10 0.09 0.09 0.03 0.02 0.02
1 2 0 0.96 0.91 0.92 0.89 0.83 0.84 0.69 0.68 0.68
1 2 0.2 0.81 0.82 0.81 0.65 0.70 0.68 0.30 0.30 0.28
1 2 0.4 0.56 0.65 0.63 0.39 0.42 0.40 0.13 0.12 0.11
1 2 0.6 0.33 0.42 0.39 0.20 0.21 0.21 0.06 0.05 0.05
1 2 0.8 0.19 0.23 0.22 0.11 0.11 0.11 0.03 0.03 0.03
2 2 0 0.98 0.98 0.97 0.95 0.89 0.92 0.75 0.72 0.72
2 2 0.2 0.86 0.87 0.87 0.69 0.75 0.72 0.32 0.31 0.28
2 2 0.4 0.58 0.68 0.67 0.39 0.44 0.43 0.13 0.12 0.11
2 2 0.6 0.34 0.44 0.40 0.20 0.22 0.21 0.06 0.05 0.05
2 2 0.8 0.19 0.24 0.22 0.11 0.11 0.11 0.03 0.03 0.03
3 2 0 0.98 0.96 0.97 0.96 0.91 0.93 0.77 0.73 0.74
3 2 0.2 0.87 0.89 0.89 0.71 0.75 0.74 0.33 0.32 0.28
3 2 0.4 0.58 0.69 0.63 0.40 0.44 0.43 0.13 0.12 0.11
3 2 0.6 0.34 0.41 0.40 0.20 0.22 0.21 0.06 0.05 0.05
3 2 0.8 0.19 0.23 0.22 0.11 0.11 0.11 0.03 0.03 0.03
WMW, Wilcoxon-Mann-Whitney score.
Table3. Powerselected scoretestsfornj=10 (sC=1).
Powerestimations
a=0.10 a=0.05 a=0.01
SD Shift p WMW Scoresc(l) Scoresm(i) WMW Scoresc(t) ScoresmQi) WMW Scoresc(t) Scoresm(i)
1 1 0 0.87 0.75 0.77 0.75 0.64 0.66 0.51 0.39 0.41
1 1 0.2 0.71 0.64 0.65 0.56 0.49 0.49 0.29 0.24 0.23
1 1 0.4 0.50 0.49 0.48 0.35 0.34 0.34 0.15 0.12 0.12
1 1 0.6 0.32 0.32 0.33 0.21 0.20 0.20 0.07 0.06 0.06
1 1 0.8 0.19 0.19 0.19 0.11 0.11 0.11 0.03 0.03 0.03
2 1 0 0.95 0.91 0.94 0.88 0.82 0.87 0.66 0.58 0.63
2 1 0.2 0.82 0.80 0.85 0.69 0.66 0.70 0.37 0.37 0.37
2 1 0.4 0.59 0.62 0.66 0.42 0.45 0.48 0.19 0.18 0.18
2 1 0.6 0.37 0.43 0.45 0.24 0.26 0.25 0.07 0.07 0.06
2 1 0.8 0.21 0.23 0.23 0.12 0.12 0.12 0.03 0.03 0.03
3 1 0 0.96 0.94 0.97 0.91 0.87 0.92 0.71 0.65 0.71
3 1 0.2 0.85 0.85 0.89 0.74 0.74 0.77 0.41 0.41 0.42
3 1 0.4 0.62 0.71 0.76 0.44 0.51 0.54 0.20 0.20 0.20
3 1 0.6 0.37 0.46 0.52 0.25 0.28 0.28 0.08 0.07 0.07
3 1 0.8 0.21 0.23 0.24 0.12 0.13 0.13 0.03 0.03 0.03
1 2 0 0.99 0.99 0.99 0.99 0.98 0.98 0.97 0.91 0.91
1 2 0.2 0.98 0.97 0.97 0.95 0.93 0.91 0.76 0.73 0.69
1 2 0.4 0.84 0.87 0.84 0.68 0.72 0.70 0.34 0.39 0.34
1 2 0.6 0.50 0.61 0.60 0.34 0.44 0.41 0.11 0.12 0.11
1 2 0.8 0.24 0.30 0.30 0.13 0.16 0.15 0.04 0.04 0.03
2 2 0 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.96 0.98
2 2 0.2 0.99 0.99 0.99 0.97 0.97 0.98 0.81 0.83 0.80
2 2 4 0.87 0.92 0.91 0.71 0.81 0.79 0.36 0.44 0.38
2 2 0.6 0.51 0.68 0.70 0.35 0.48 0.45 0.11 0.13 0.11
2 2 0.8 0.25 0.31 0.32 0.13 0.16 0.16 0.04 0.04 0.03
3 2 0 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.97 0.98
3 2 0.2 0.99 0.99 0.99 0.98 0.97 0.98 0.82 0.85 0.82
3 2 0.4 0.88 0.93 0.93 0.72 0.83 0.82 0.37 0.45 0.40
3 2 0.6 0.51 0.71 0.73 0.36 0.49 0.47 0.11 0.13 0.11
3 2 0.8 0.25 0.32 0.33 0.14 0.17 0.16 0.04 0.04 0.03
WMW, Wilcoxon-Mann-Whitney score.
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Table4. Power =ftproportion ofnonresponders) (nj=1O, sD=2, shift=2).
a=0.10 a=0.05 a=0.01
p WMW Scoresc(i) Scoresm(i) WMW Scoresc(i) Scoresm(i) WMW Scoresc(i) Score sm(i)
0 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.96 0.98
0.1 0.99 0.99 0.99 0.99 0.99 0.99 0.95 0.93 0.93
0.2 0.99 0.99 0.99 0.97 0.97 0.98 0.81 0.83 0.80
0.3 0.96 0.97 0.97 0.89 0.91 0.91 0.57 0.64 0.59
0.4 0.87 0.91 0.91 0.71 0.81 0.79 0.36 0.44 0.38
0.5 0.71 0.83 0.84 0.52 0.66 0.63 0.23 0.26 0.24
0.6 0.51 0.68 0.70 0.35 0.48 0.45 0.11 0.13 0.11
0.7 0.36 0.50 0.50 0.22 0.29 0.28 0.07 0.06 0.06
0.8 0.25 0.31 0.32 0.13 0.16 0.16 0.04 0.04 0.03
0.9 0.17 0.18 0.18 0.09 0.10 0.10 0.02 0.02 0.02
WMW, Wilcoxon-Mann-Whitney score.
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FIGURE 2. Power function ofthe WMW-test and score tests.
measure according to Lee and Wolfe (19)] is not symmetric at
aboutp=0.5 (Fig. 1).
Only onepointofthe power function is given inTables 2-4.
Therefore, the powerfunctions for selectedvaluesofp,nj,sDand
a areshown inFigure2. Formedium-sizeshifts, thedifferences
amongthe powerfunctions areimportantupto amaximumshift
value(decreasingwithsmaller alevels), afterwhichparallelism
ofthe power functions holds true.
These simulation results forthebiostatistical analysis ofthe
micronucleus assay suggestthatthe scoretestshave anadvantage
inpower inrelation tothecommonlyusedWMWtest. Thesead-
vantages areparticularly relevant fora) mediumtolargeeffect
differences between the control and dose group, b) ranges of
p.0.2.. . ,0.8, c) values ofnj = 5 and a = 0.05. This advan-
tageincreases asthesamplesize, nj, and ca levelbecomelarger.
TableS. Experimental MN data.
Dose MN Pooled data
Control 32 1 1 3203 31/16000
2 1 3 1 2 1 3 3
5 22101201 9/8000
10 3 36 1 4 3 3 1 24/8000
20 37384674 42/8000
40 2625 23 3425 23 1929 204/8000
MN, miconuclei
Table6. Statistical test results.
Dose groups
5 10 20 40
Asymptotic WMW test
p-Value 0.97 008 0.002 0.001
Significance a=0.05 - - < <
Exact Fisher permutation test
p-Wlue 0.98 0.047 0.001 0.001
Significance a'=0.05 - < < <
Asymptotic sc(i) scoretest
p-Malue 0.98 0.025 0.001 0.001
Significance a=0.05 - < < <
WMW, Wilcoxon-Mann-Whitney score; <, significant increase.
Themicronucleusassay sometimesrepresentsa "controlversus
k dose groups design" for a one-sided, ordered alternative
hypothesis (becauseonlyincreasing MNswith increasingdoses
are considered biologically significant). Based on the two-
sample tests described above, a simple apriori ordering pro-
cedure (20) canbeused inthis case.
An Example
Experimental data from Kliesch et al. (21) were used for a
micronucleusassayonmice, 24hraftersingleperostreatment
ofmethyl methane sulfonate (MMS) (Table 5). Results ofthe
biostatisticalanalysisareshownin'Thble6. Thisexampleshows
thegreatersensitivityforthecontrastbetweenthecontrolgroup
anddose group 10 forboth the Fisherpermutation testand the
score test.
Conclusions
From the results presented here, one can conclude that the
choiceofstatisticalmethodfortheanalysisofmicronucleusassay
datawhenMNisincreasingrelativetocontrolsisnotcritical at
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thecommonly usedlevelofa=0.05. However, asuitablechoice
of test is necessary for small or medium-sized increases in
numbers ofMN. This isapplicable, forexample, inthecaseof
theno-observed-effect doseestimation. Withasimulationstudy,
basedonanempirical negativebinomialdistributionofMNand
ashiftalternative, anadvantageinthepowerbehaviorofselected
score tests assuming a mixing distribution ofresponders and
non-responders is evident, even for the guideline case nj=5,
a20.05,p>0.1, andamedium-sizedshiftbetweendoseandcon-
trol groups.
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